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Abstract

This paper introduces a novel approach to back- ground modeling. We propose using initially a method to
extract scene parameters from a sequence of frames. These parameters, together with an initial
background model, are used as a starting point for a background subtraction method based on fuzzy logic.
Our method permits modeling the background and detecting moving objects in a video sequence without
user intervention. The algorithm is designed to work with CIEL*a*b* coordinates with multi modal
support and eludes user parameters or fixed or probabilistic thresh- olds usually found in the traditional
background sub- traction methods. Quantitative and qualitative results obtained with a well-known
benchmark and comparisons with other approaches justify the model.
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Abstract—This paper introduces a novel ap-
proach to background modelling. We propose using
initially a method to extract scene parameters from a
sequence of frames. These parameters, together with
an initial background model, are used as a starting
point for a background subtraction method based
on fuzzy logic. Our method permits modelling the
background and detecting moving objects in a video
sequence without user intervention. The algorithm is
designed to work with CIEL*a*b* coordinates with
multi modal support and eludes user parameters
or fixed or probabilistic thresholds usually found
in the traditional background subtraction methods.
Quantitative and qualitative results obtained with a
well-known benchmark and comparisons with other
approaches justify the model.

I. INTRODUCTION

Background subtraction [1] is one of the most
popular methods to detect regions of interest in
frames. This method consists in finding the dif-
ferences of incoming frames with respect to a
background model in order to detect pixels whose
difference is over a threshold.

A popular background subtraction method con-
sists in modelling each pixel with a Gaussian
distribution. Regions of interest are detected by
subtracting each new frame from the average
image and thresholding the result. The adaptive
version of this algorithm updates the model pa-
rameters recursively by using a filter [2]. This
model does not work well when the background
is not static. Authors of [3] propose using more
than one Gaussian to solve this issue. In [4] it is
proposed to build an statistical representation of
the background by estimating directly from data
the probability density function. In [5], authors
propose a method in three stages. At the lowest
level, a Wiener filter is used to classify pixels.
In another stage, foreground pixels are recovered
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with the information provided by previous seg-
mentations. Finally, different models are kept to
face model corruption. Authors of [6] propose
using an exponential to compute background and
foreground probability, pondering the distance to
the background and the motion of a pixel. Radi-
cally different is the approach introduced in [7],
in which it is proposed using LBP histograms to
model the background. By using histogram inter-
section, differences with background are detected.
Other approaches proposed in recent years are
computing a histogram of edges in a block basis,
found in [8] or the use of salient motion introduced
in [9]. Few papers propose the use of fuzzy logic
in computer vision applications, being most of
the work related to clustering techniques. In [10]
an approach to using fuzzy logic in segmentation
problems is described.

The goal of this paper is discussing a technique
that allows the system to obtain the parameters
it needs to describe the scene, including an ini-
tial background model B(0), from a sequence of
CIEL*a*b* frames F'(0), F'(1),...F(n) by using
BAC [6]. Once the parameters are obtained, an-
other, more accurate and robust, algorithm based
on fuzzy logic, is executed to proceed with back-
ground subtraction.

II. FuzzY BACKGROUND SUBTRACTION

We use a background membership function to
approximate the threshold that separates back-
ground and foreground after each background sub-
traction.

Following the approach of [5], our algorithm
works at two different stages: pixel and region.
First, only pixel operations are performed, such
as background subtraction and model update. In
the region level,the goal is recovering foreground
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pixels lost due to an inaccurate segmentation, by
considering former segmentations. For each frame
F (i), the background subtraction is computed as
the euclidean distance dj, , of the CIEL*a*b* co-
ordinates of each pixel F (i) from each B (i),
being By, the v-th model for pixel in z, y in time
1. The distance finally considered is,

Aoy = min(dy, dy ,dy ), Yo (D)
Figure 1 shows the result of informal experiments
with different images. It can be seen that back-
ground pixels cluster close to distance zero, as
expected. This fact may be translated into a mem-
bership function as shown in figure 2. In it, d is the
distance between two pixels and the Y -axis repre-
sents the membership value. Figure 2 shows two
functions, on the left, the background membership
function (mB) and on the right, its inverse, the
foreground membership function (mF'). Up to a
distance a, pixels have a background membership
value of 1. Background membership decreases
as distance increases. We used a straight line to
model this decrease. Using d,,, the algorithm
computes mB(z,y) and mF (z,y), the member-
ship values of (x,y) depending on d, ;. First, the
process computes the distance d that gathers the
first ¢.in pixels in the range of distances from
0 to dy and set mB(d) = 1,V 0 < d < d,
the interval at which the background membership
function is evaluated to 1. The algorithm computes
the cardinality of the pixels at a distance d; as,

Card(d;) = Card({Fyy/dsy < di}  (2)

Iteratively, it looks for the distance at which
small increments of elements are detected. This
is done by computing the slope of the straight
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Fig. 1: Plot of background and foreground pixels
cumulated by distance. Lines on the left of the
plot represent the percentage of background pixels
of each frame. Lines on the right represent the
percentage of foreground pixels.

line between distances d; and distance d;;1 as
m; = CaTd(d) 1cadrd(d‘“)) Distance d is the
third consecutl\zze distance with an inclination an-
gle B < [y, to avoid false detections due to
noise. Being m the slope between dj and d;, the

membership function then can be written as,

1,if 0<d<dy
mxd+b do<d< =t (3
0, =t <d

mB(d) =
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Fig. 2: Representation of two fuzzy membership
functions mB and mF. Note the symmetry of
both functions.

III. BACKGROUND MODELLING

Multi-modal support background modelling al-
gorithms ( [3], [7], [5]...) need two parameters
set by user K, which limits the maximum num-
ber of models allowed per pixel and v, a factor
that controls the frequency in which models are
modified. In this section we discuss an approach
to extract them from a reduced sample of frames
from the scene. BAC (Background Algorithm with
Confidence) computes the confidence of a pixel in
such a way, that it reaches easily values around
0.9, over a maximum of 1, after 10 or 20 con-
secutive frames without changes. If we apply this
algorithm to the input sequence until the computed
background model achieves a certain confidence
6, we obtain an initial model B, ,(0) and for
each pixel (z,y), h(z,y), the number of times the
model was modified, and g(z,y), the confidence
obtained. It is easy to see that the values of K
and ~ have an strong relationship with the values
of h and g. The bigger the value of h(z,y),
the most models pixel (z,y) may need, and the
higher the confidence g(z,y) obtained, the lowest
its need of changing quickly. As models should
show flexibility to changes, K may be estimated
following the rule:
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TABLE I: Results (in %) of the compared al-
gorithms when faced to the different situations
represented in the Wallflower benchmark. Row
lalbeled as T'P stands for true positives, and TN
stands for true negatives.

Method Seq. 1 2 3 4 5 6 V7
TP % 44 50 92 73 - 41 §6

Mix. Gauss. TN % 95 85 73 07 100 98 90
TP % | 71 | 62 | 73 | 79 - 86 85

LBP TN % | 90 | 91 | 86 | 66 | 100 | 97 77
TP% 60 75 56 48 - 30 §3

BAC TN% 90 [ 76 | 87 [ 90 [ 100 | 98 47
TP% 77 97 99 70 - 79 §5

Wallflower TN% 99 | 98 | 90 | 98 100 | 99 §5
TP% 61 [ 68 [ 80 [ 68 - 79 94

Ours TN% 95 [ 93 [ 91 ] 8 99 98 49

V(z,y), K(z,y) = { 2, ifh(z,y) <2, Y(z,y)

“)
and v(z,y) = 1 — g(z,y), y(z,y) is restricted
to the interval [0.3,0.6], in order to avoid that a
pixel never changes or never arrives to an stable
state. Model B, ,(0) is set to the model obtained
by BAC. Background pixels are those which meet
the condition mB(d, ) > 0.5 and are labelled in
a binary image S(z,y) = 0, for foreground pixels
S(z,y) = 1. The background model is updated
depending on information of S(i). If S, = 0
and dj , = min(dy ), then model v matches the
input and its colour and confidence are updated as
follows,

By (1) = aB; (i — 1) + (1 - a)Fp (i) (5)
Coy() = acy (i = 1) + (1 —a)mB(dy ) (6)
The non matched models for pixel (z,y) update
their confidences as c;, , (i) = acj ,(i—1), where
« is a learning rate factor in [0, 1] and By (i —1)
is the value in time ¢ — 1 of wv-th model of
pixel at (z,y). Models of (x,y) are ordered in
descending order according to their confidences. If
the condition v > S5 ¢4 (i) is verified, then a
new model will be added or the K-th model be re-
placed as BY (i) = Fy (i) and ¢, (i) = 0.01. In
[5], finding an unusual percentage of foreground
pixels is enough to change the background model.
Our approach detects model corruption by test-
ing if do > dcorrupt . The process restarts and
keeps only one model per pixel. It sets B, ,(0) =
Fp (i), ¢}, = mazx(cy ). Restarting the process
does not mean starting again with BAC, as the
model’s parameters should not be changed. At
region level, we followed a similar approach as in

min(5, h(x,y)), it h(z)p> 2,

TABLE II: Space complexity for the algorithms,
taking an image of n x m pixels.

Algorithm weight model

Mix. Gauss. | O(n x m x K) O(n xm x K)
LBP OnxmxK) | OnxmxK x2F)

Wallflower - O(n xm x V)
BAC - O(n x m)
Ours O(n x m X K) O(n x m x K)

[5], using a colour list for each region instead of a
gray tone histogram. The intersection of adjacent
pairs of differenced images and the previous fore-
ground image is computed P = S"(i) AS’(i—1) A
S(i—1). Connected regions R; of P with less than
DPmin pixels are discarded. Colours of each R; are
stored in a set C; considering as equal colours with
a difference under c,,;, and for each (z,y) € R;
in frame F'(7) a binary image is computed,

Lo 1, if e € C; | dist(c, Fy (7)) < Cmin
TY )0, otherwise
)
being dist(c, F,(4)) the euclidean distance of two
colours. S(i) is grown by performing,

S(i) = S(i)V L @)

IV. EXPERIMENTS

Experiments were performed with the
Wallflower benchmark [5], which seems to be
accepted as a common validity test. We compared
four algorithms to ours: the Wallflower algorithm
[5], the LBP algorithm [7], BAC [6] and Stauffer’s
approach [3]. Qualitative results are shown in
figure 3. For Stauffer’s algorithm we used K =5
and T = 0.6. The others were executed with the
parameters as stated by their authors.

For fuzzy background subtraction, we took
Amin = 30% of pixels, Bo = 1°, dcorrupt = 10,
Pmin = 8, Cmin = 7, 8 = 0.9. In all cases,
a = 0.99. Table I shows quantitative results, we
measured the foreground and background pixels
classified successfully, TP and T'N. BAC has
in average the worst results, because its aim is
providing another algorithm with an initial back-
ground model and useful statistics of the scene.
Only Wallflower and our approach succeed in
sequence lightSwitch due to the region level pro-
cessing. The use of the colour bank result in some
foreground pixels lost in foregroundAperture, but
yielding better results than others. Table II com-
pares Algorithms’ space complexity.
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Fig. 3: Results for the Wallflower benchmark. On the left, original control frames captured from the
sequence. The second column from the left represents the control frames segmented by hand. Remaining
columns represent the result of each algorithm for each sequence.

V. CONCLUSIONS !

We introduced a novel approach for back-
ground modelling using the combination of an al-
gorithm to extract estimations used as parameters
for another, more accurate, background modelling
algorithm using fuzzy logic. The detection of
model corruption is defined according to the mem-
bership functions computed. Experiments show
that ours yields qualitative and quantitative results
comparable to other algorithms with the lowest
space complexity.
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